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a b s t r a c t
Semantic Web Services (SWS) were introduced to facilitate the publication, discovery, and
execution ofweb services. A semanticmatchmaker enhances the capability of UDDI service
registries in the SWS architecture and it is able to recognize various degrees of matching
for web services. On the basis of SWS and fuzzy-set theory, a fuzzy matching approach for
semantic web services is proposed, to support a more automated and veracious service
discovery process.
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1. Introduction
A critical step in the process of reusing the existing WSDL-specified services (Web Service Description Language) for
buildingweb-based applications is the discovery of potentially relevant services [1]. UDDI (Universal Description, Discovery,
and Integration) servers are essentially catalogs of published WSDL specifications of available services. These catalogs are
organized according to categories of business activities. Service providers advertise web services by adding their WSDL
specifications to the appropriate UDDI directory category. Through a well-defined API, service requesters can browse the
UDDI directory by category to discover existing services potentially relevant to what they want to query. However, this
category-based service discovery is clearly insufficient, because it relies on the shared common-sense understanding of an
application domain among the developerswho publish and request the specified services. The assumption is that the service
provider knows the appropriate categories in which to publish its services; on the other hand, the service requester must
browse the ‘‘right’’ categories to search for relevant services and discover which candidate services are more likely to be
useful in the context.
Semantic Web Services (SWS) [2,3] augmenting web service descriptions using semantic web technology were
introduced to address the above problem and to facilitate the autonomous publication, discovery, and execution of web
services at the semantic level. Moreover, semantic web service description languages, such as OWL-S (Ontology Web
Language for Services) [4,5] andWebServiceModelingOntology (WSMO) [6],were proposed as abstractions of syntacticweb
service description languages such as WSDL. OWL-S describes the categories, the inputs, the outputs and the consequences of
web services in terms of concepts defined in OWL ontology, and it also provides the grounding constructs for specialization
intoWSDL constructs for compatibilitywith the existingweb services. To support programmatic service discovery, semantic
matchmakers [7,8], software agents which accept and keep track of the descriptions of available services from providers
and match them against the requirements from service requesters [3], significantly improve the capability of UDDI service
registries and web service location in the semantic web service architecture. Algorithms for intelligent matching between
advertisements and requests described in OWL-S have been implemented in these matching agents to recognize various
degrees of matching for web services.
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In this paper, we propose a fuzzy-set-based matching approach for semantic annotation attributes of web services in
order to improve the precision rate and the recall rate of material selection services in the collaborative manufacturing
domain. The remainder of the paper is organized as follows: Section 2 describes the semantic definition of a fuzzy set;
Section 3 defines the similarity relation and calculus for service attribute parameters; Section 4 designs the fuzzy-set-based
semanticmatching algorithm; Section 5 analyzes and evaluates the fuzzymatching results; Section 6 summarizes this work.
2. The semantic definition of a fuzzy set
We suppose that the input, output and effect attributes of web services in the research area may be defined on two kinds
of domains for a fuzzy set: symbolic domains (or ontology as defined in the following definition) and numerical domains.
An ontology represents ‘a kind of ’ semantic relationship between values (see Definition 1). The semantics of a fuzzy set in
the intention and membership function on the entire ontology, called the fuzzy set in extension, is defined below.
Definition 1. An ontology O is defined as a set of values, partially ordered by a kind of relation, and checking the properties
of a lattice (each couple of values has a unique minimum generalization and a unique maximum specialization).
Notation: For any fuzzy set f defined on O, and µ, the membership function of f , we define S(f ) = {x ∈ O|µf (x) > 0} and
K(f ) = {x ∈ O|µf (x) = 1}.
Definition 2. A fuzzy set fi is called a fuzzy set in intention if it is defined on a domain of values Oi which is a subset of
the values belonging to the ontology O. For all couples of values x and y belonging to S(fi), with ymore specific than x, the
underlying semantics is defined as follows:
Givenµ, themembership function of fi : O → [0, 1],µfi(x) ≥ µfi(y) represents a semantics of restriction for y compared
to x; the opposite case represents a semantics of reinforcement for y compared to x.
The transformation of the fuzzy set in intention into a fuzzy set in extension is realized using the following definition.
Definition 3. The fuzzy set in extension fe associated with fi is defined on the entire set of values belonging to the ontology.
Given a value c ∈ O, the membership function of fe is deduced from that of fi by the following rules.
(1) Let E = {x1, x2, . . . , xn} be the set of the minimum values belonging to support (fi) that are less specific than c and not
comparable. If E is not empty and
• if the fuzzy set expresses preferences, then the degree of preference associated with c must be at least equal
to the degree of preference associated with each element of the list x1, x2, . . . , xn, and we define µfe(z) =
maxx1, x2,...,xn µf i(xi);• if the fuzzy set expresses an imprecise datum, then c cannot have a degree of possibility greater than each of those
associated with x1, x2, . . . , xn, and we define µfe(z) = minx1, x2,...,xn µfi(xi).
(2) Otherwise, µfe(z) = 0.
According to the above definition, the fuzzy set ‘Financial_Preferences’ is an example of fuzzy set in intention
for the ontology attribute of the service ‘‘Financial Service’’ as shown in Fig. 1. This may be denoted as follows:
‘‘Financial_Preferences = 1.0/Loan Service + 0.9/Bank Service + 0.8/Saving and Investment Service’’ as depicted in Fig. 2.
If the fuzzy set ‘Financial_Preferences’ is interpreted with a semantics of preferences, it means that the user is interested in
Bank Service and implicitly in all subtypes of Bank Service found in the ontology. Moreover, the user is first interested in Loan
Service, and among the other Bank Services, he/she is less interested in Saving and Investment Service.
3. The similarity relation and calculus for service parameters
In this section, we give the similarity relation defined on ontologies and the preferences enlargement calculus realized
by this similarity relation.
3.1. The similarity relation
The preferences enlargement calculates a controlled generalization of the fuzzy set associated with a given selection
criterion. In this processing, the main difficulty is that we need to be able to take into account the degree of generalization
corresponding to this enlargement. For example, we want to enlarge the fuzzy set ‘Financial_Preferences’ using the ontology
presented in Fig. 1. We would like to consider that the degree of generalization between the value Bank Service and the
value Financial Service is not the same as that between the value Financial Service and the value Service: The former concerns
Financial Service which has a similar behavior to finance; the latter groups together service families which have different
behaviors to finance. In the following, we propose a solution to take into account this degree of generalization.
Notation: Given an ontology O, (x, y) ∈ O2, x < ymeans that x is more specific than y.
Definition 4. Given an ontology O, (x, y) ∈ O2, with x < y, y is called a father of x if there is no z ∈ O such that x < z < y.
The degree of generalization between values is defined by an expert and provided to the engine by means of the following
function DG.
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Fig. 1. Part of the ontology defined for Financial Service.
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Fig. 2. Membership function of the fuzzy set in extension corresponding to Financial_Preferences.
Definition 5. Given an ontology O, DG is the partial function defined for all couples of values (x, y) ∈ O2 such that y is a
father of x.
We build a distance function between any couple of values belonging to the ontology O. To do that, we need first to
introduce the notions of path and path distance between couples of values which are comparable.
Definition 6. Given an ontology O, given two values (x, y) ∈ O2 with x ≤ y, we name as the path from x to y the set
composed of n values (v1, v2, . . . , vn) ∈ On such that v1 is x, vi+1 is a father of v1 and vn is ywith i ∈ [1, n].
Definition 7. Given an ontology O, given two values (x, y) ∈ O2 with x ≤ y, and given p a path from x to y, we name as
DCp(x, y) the distance between x and y associated with the path p. DCp is defined as follows: DCp(x, y) =∑n−1i DG(vi, vi+1).
Definition 8. Given an ontology O, and given two values (x, y) ∈ O2, we name as SD(x, y) the semantic distance between x
and y defined as follows:
(1) if x = y, then SD(x, y) = 0;
(2) if x and y are comparable (assuming x ≤ y), given the set of all the paths p1, p2, . . . , pm from x to y, SD(x, y) =
minpi∈p1,p2,...,pm DCpi(x, y);
(3) otherwise, given z ∈ O, the more specific value which generalizes x and y, SD(x, y) = SD(x, z)+ SD(z, y).
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Definition 9. Given an ontology O and a semantic distance SD on O2, we call the similarity relation SR; SR is defined as
follows:
SR(a, b)
SR:O×O→[0,1]
∀(a,b)∈O×O
= max

0,min

1,
δ + ε − SD(a, b)
ε

=
1, if SD(a, b) ≤ δ
0, if SD(a, b) > δ + ε
otherwise, (δ + ε − SD(a, b))/ε.
(1)
For example, if we suppose that δ = 0 and ε = 5, then SR(Bank Service, Financial Service) = 0.8, SR(Financial Service,
Service) = 0, and SR(Bank Service, Service) = 0. In the preference enlargement process which uses the similarity relation,
this example means that if the user has specified a Financial Service (or any more specific value), then the engine does not
enlarge to Servicewhich is considered as too general.
3.2. Enlargement calculus
Definition 10. Given a similarity relation SR defined on O2, given a fuzzy set in intention fi defined on a subset of O and
its corresponding fuzzy set in extension fe defined on O, we name as gen(fe) the enlarged fuzzy set in extension, defined as
follows:
∀a ∈ O, µgen(fe)(a) = maxb∈O (min(µfe(b), SR(a, b))). (2)
According to this definition, the enlarged fuzzy set in extension corresponding to ‘Financial_Preferences’, taking into
account the degrees of generalization and parameter values δ = 0 and ε = 5 for the similarity relation, is: 1.0/Mortgage
Service+ 1.0/Reserve Credit Service+ 1.0/Credit Card Service+ 1.0/Credit Line Service+ 1.0/Loan Service+ 0.9/Account Access
Service+ 0.8/Saving and Investment Service+ 0.9/Management Service+ 0.9/Bank Service+ 0.6/Stock Service+ 0.6/Insurance
Service+ 0.8/Financial Service+ 0.0/Business Service+ 0.0/Service. Then, we canmake two remarks on enlarging a fuzzy set.
(1) The fuzzy set is enlarged to the nearest more general values. But it does not guarantee that all the more specific values
associated with those nearest more general values are also included in the fuzzy set. This depends on the values chosen
for the parameters δ and ε of the similarity relation. This first remark reveals a slight contradiction with our way of
defining a fuzzy set on the ontology: when a value belongs to a fuzzy set in intention, all the more specific values are
intended to belong to the corresponding fuzzy set in extension.
(2) Given two new values a and b added to the fuzzy set due to the enlargement process, with b more specific than a, the
membership degree of b is inferior to that of a by construction. This second remark again reveals a slight contradiction
with the semantics that we gave to fuzzy sets defined on the ontology. If we interpret the fuzzy set with a semantics
of preference according to Definition 1, the membership degree of b being inferior to that of a means that we are first
interested in a and then in b. We do not want to give this semantics to the enlargement process.
Those two remarks show that there are two major drawbacks to a direct application of this fuzzy-set enlargement
definition. We propose to adapt it in the following way. First, we have to determine the list of values belonging to the
ontology which are more general than those of the support of the fuzzy set in extension fe (called l−gen(fe)). Second, we
calculate, for each value of l−gen(fe), its degree of membership of the enlarged fuzzy set gen(fe) using the Definition 10.
4. Fuzzy matching for semantic web services
An OWL-S profile description is a set of OWL-S statements that semantically describes a service, which is either
needed by a service consumer or offered from a service provider. From the section on ‘‘Service Profiles’’ in the OWL-S
specification, the elements of a profile description that are relevant to the interoperation of web services are those of a
taxonomic type of profile, i.e., whether a service belongs to a certain class and the ‘‘has input’’, ‘‘has effect’’, and ‘‘has output’’
properties. Examples of such elements are ‘profileHierarchy:SineFunction-Evaluator ’, ‘‘profile:hasInput ’’, ‘‘profile:hasEffect ’’,
and ‘‘profile:hasOutput ’’, respectively. For each pair of service profiles, the match degree is calculated by using the weighted
average of the scores for matching between the pairs of the profile types, input parameters, effects of service and output
parameters. Mathematically, the match degree is DS = ∑i Wi ∗ dpi /∑i Wi, where DS is degree of matching between two
service profiles;Wi and d
p
i are respectively the weights of and the scores for matching between the profile types, the input
parameters, the effects of services, and the output parameters. By default, equal weights are assigned to the matching scores
in typical matchmaking operations. Service consumers may request higher weights for certain pairs of profile descriptions
if compatibility is more important.
For each pair of the request concept CR and advertised concept CA, the matching score of the similarity relation between
CR and CA with respect to CR, SR(CR, CA), can be computed by Definition 10.Web services often take several input parameters.
In this case the score for matching between the two sets of input parameters is the unweighted average of the scores for
matching between each sequential pair of the input parameters. Mathematically, it is defined as dpi =
∑
j d
i
j/N , where d
p
i
is the score for matching between two sets of input parameters, dij is the degree of matching between the jth pair of input
parameters, N is the total number of input parameter. To eliminate the incompatibilities, dpi must be taken as zero if any of
dij equals zero.
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Fig. 3. Precision rate for a material selecting instance.
Fig. 4. Recall rate for a material selecting instance.
5. Experiment results
There is currently no any standard measurement for evaluating the performance of web service discovery approaches in
the engineering domain, and therefore it is very difficult to compare the different methods of discovery of web services. We
propose to use the precision rate and recall rate to evaluate the discovery performances of web services in the collaborative
material selection process. The precision rate is the ratio of the return number satisfying query conditions and the whole
return number of web services; the recall rate is the ratio of the return number satisfying query conditions and that in test
sample. We compare only the following discovery methods: key-based matching for web services, fuzzy matching for web
services, semantic matching for web services, and fuzzymatchmaking for semantic web services (proposed in this paper). It
is found that the precision rates are respectively 87%, 69%, 81%, 83% and the recall rates are respectively 21%, 61%, 88%, 89%
as shown in Figs. 3 and 4.
From these results, we see that key-basedmatching can find a servicewith an exact description but itmay have a problem
in finding varieties of services with synonyms in the collaborative material selection. As a result, this matching usually has a
higher precision with lower recall. The other two approaches, fuzzy matching and semantic matching for web services, can
improve the discovery performance of web services, whereas the precision rate and recall rate of the fuzzy matchmaking
approach for semantic web services can increase to 80%, and the discovery performance is better.
6. Conclusion
Matching is an important mechanism for automation of web service reusing. This paper presents a fuzzy-set-based
matching approach for semantic annotation attributes of web services intended to improve the precision rate and the recall
rate formaterial selection services. In the proposed algorithm,wedescribe the fuzzy definition for semantic attributes ofweb
services to expand the service matching scope, and then give the service attributes similarity and fuzzy similarity for web
services. The approach can be used to support a fully automated and veracious service discovery process, by distinguishing
among the potentially useful and the likely irrelevant services and by ranking them according to their relevance.
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